The use of self-organising fuzzy logic control for automated drug delivery in muscle relaxant anaesthesia is described. The selfelicitation of a knowledge base is shown to be robust in the presence of model uncertainty, noise contamination, and parameter changes. Being computing intensive, self-organising fuzzy logic control is considered for parallel implementation on transputers, both through use of a LISP interpreter and through direct OCCAM coding. The OCCAM code gave a fast implementation, which could be further improved by using multiple transputers.
Introduction
Control theory has made remarkable progress from its tentative origins to a mathematically formalised discipline. Modern control theory has proved to be very successful in areas where systems are well defined either deterministically or stochastically. Many systems involving human-machine interaction are characterised by a high degree of performance but cannot be analysed to a comparable degree of accuracy. The human involved is often an adequate controller because they are able to construct in their mind a model of the process which is just accurate enough to carry out the task in hand. This model includes all the essential features of the process required to do the job. The control engineer does not always have the ability to extract the essential details from a process when the human is replaced by an automatic controller. Considerable insight into such systems can be gained by modelling the method of human decision making in these situations. The human is also capable of learning through experience which decreases the dependency on an accurate knowledge of the environment before a task is carried out. Any attempt to automate the role of a human must, to some extent, model the powers of expression and reasoning as well as learning capabilities.
To support the translation of the more vague, nonnumeric statements that might be made about such a control strategy a semi-quantitative calculus is required. It was against this background that Zadeh introduced and developed fuzzy set theory [30] and approximate reasoning [31] . The later paper introduced the concept of fuzzy linguistic variables and the fuzzy set, which seemed to provide a means of expressing linguistic rules in such a way that they can be combined into a coherent control strategy.
Since its introduction by Zadeh in 1965, fuzzy logic has been used successfully in a number of control applications. The first application of fuzzy set theory to the control of dynamic processes was reported by Mamdani and Assilian [17]. They were concerned with the control of a small laboratory scale model of a steam engine and boiler combination. The control problem was to regulate the engine speed and the boiler pressure. Despite the nonlinearity, noise and the strong coupling in the plant, they managed to get acceptable control using a fuzzy logic controller. Kickert and Lemke [6] applied fuzzy logic to design a controller for a laboratory scale warm water plant. The water tank was divided into several compartments. The aim was to control the temperature of the water in one of the compartments by altering the flow rate through a heat exchanger contained in the tank. A secondary control task was to ensure fast reponse to step changes in the outlet water temperature set-point. The first experiment on an industrial plant with a fuzzy logic controller was undertaken by Rutherford and Carter [21] . They developed a controller for the permeability at the Cleveland sinter plant, and showed that the fuzzy logic controller worked slightly better than the PI controller.
Tong applied fuzzy logic to a pressurised tank containing liquid [23]. The problem was to regulate the total pressure and the level of liquid in the tank by altering the rates of flow of the liquid into the tank and the pressurising air. Good control was achieved despite the nonlinearity and strong coupling. However it was no better than performance obtained by a controller designed using conventional techniques. Tong et al.
[24] also examined the behaviour of an experimental fuzzy logic control algorithm on an activated sludge waste water treatment process (ASP). They concluded that a fuzzy algorithm based on practical experience can be made to work on this difficult process. The success obtained by Mamdani and Assilian in the control of a steam engine led them to study temperature control of a stirred vessel which formed the batch reactor process -a nonlinear, time-varying gain and time delay process [17]. The results obtained showed that processes can be controlled effectively using heuristic rules based on fuzzy control, but to achieve good control the fuzzy rules must be correctly formulated, to take account of time delays when they occur. In the same decade the techniques of fuzzy logic were applied by independent groups over a wide variety of processes. Ostergaard [lS] applied it successfully on a heat exchanger; Van Amerongen [25] applied fuzzy sets to model the steering behaviour of ships. Larsen [SI reported work to implement fuzzy logic control on a coal-fired wet process umax-cooler kiln. Sheridan and Skjoth [22] attempted to replace kiln operators at the Durkee plant of the Oregon Portland cement company using fuzzy algorithms. In this and related work on cement kiln control it was noted that human operators could successfully control their operation. Attempts to obtain adequate mathematical models of the kiln process have been generally unsuccessful. Thus, conventional control techniques have not been widely successful for cement kiln control. In contrast, fuzzy logic control has been applied successfully, reducing product variability, including shift-to-shift characteristic differences between operators [SI.
The major shortcoming of previous work is the slow response time of the fuzzy logic controller, caused by the large calculations essential for the algorithm. This makes it unsuitable for dynamic operations. In this work an attempt is made to speed up the calculation time by splitting the fuzzy logic controller in different processes and running them in parallel on one or a combination of transputers. A novel technique to store the linguistic rules in LISP (an AI language) and use it by the fuzzy logic controller on a transputer network is also presented.
The self-organising fuzzy logic algorithm (SOFLC) initially presented by Procyk [19] for a single input/output process provides an adaptive rule-learning capability to complement a fuzzy logic control strategy. Yamazaki and Mamdani [28] examined the problems of poor settling time and occasional instability associated with SOFLC and proposed an improved version which overcomes these problems, by applying it on single input/output and multi-input multioutput processes. The main problem which restricted the application of SOFLC over a wide area was the unclarity of the rule learning and storing procedure. It was later modified by Daley [2] and applied to a process of greater complexity and higher mathematical dimension, i.e., attitude control of a space craft. Recently Larkin [9] has applied SOFLC to aircraft control, and Harris and Moore [4] have applied it to the control of autonomous guided vehicles. Here, a description is presented of an attempt to control the nonlinear muscle relaxant model of pancuronium with SOFLC. The simulations were first performed on a sequential machine and then parallelism was introduced in the SOFLC to extend the implementation to a multiprocessor system. The robustness of SOFLC is examined with consideration of parameter changes in the process model and introducing white noise to the process.
Muscle relaxant process models
Muscle relaxant drugs are used by anaesthetists who, based on their own experience, determine an adequate dose in order to obtain a predefined degree of paralysis. Anaesthetists, however, sometimes fail to maintain a steady level of relaxation, often resulting in a large consumption of drugs by the patient. A safe and fast method for designing closed-loop infusion systems is to replace the patient with a mathematical model. The pharmacology of muscle relaxant drugs comprises two important parts, pharmacokinetics and pharmacodynamics. Pharmacokinetics concerns the absorption, distribution and excretion of drugs, whereas pharmacodynamics is a term employed in drug pharmacology to describe the relationship between drug concentration and the therapeutic effects of these drugs. For the drug pancuronium the body is considered to consist of two compartments between which reversible transfer of drugs can occur. The drug is injected into compartment 1 which represents the plasma volume and the perfused tissues such as heart, lung, liver etc., from which it is excreted into urine. The drug is exchanged between the first compartment and the connecting paripheral compartment. The plasma concentration of drug as a function of time is given by the biexponential equation.
c(t) = Ale-"1 ' + A , (1) where A , and A , are complex functions, Ale-"* reflects the distribution phase and A , e p U 2 ' reflects the elimination phase.
Pharmacodynamics
It is known that the interaction between the injected drug and the components of the body induce a certain therapeutic effect. The steady state plasma concentration of the drug is proportional to the amount of drug at the site of action. The plasma concentration of drug against effect relationship can be described mathematically by a Hill equation [27] of the form where E represents the drug effect, E,,, is the maximum drug effect, C is the drug concentration and C,, is the drug concentration corresponding to a 50% effect.
Using previous pharmacological identification studies [lo] the drug pancuronium can be modelled as a twotime-constant linear dynamic system with a dead-time in series with a nonlinear part comprising a dead space and a limiting device or a Hill equation as illustrated in Fig.  1 . The parameters quoted are those appropriate for dogs. For the drug atracurium a three compartment model is considered and the transfer function is third order as shown in Fig. 2 . [13] . The parameters quoted are those appropriate for humans. In conventional set theory, there is a distinct difference between elements which belong to a set and those which do not. Thus, for example, if the space on which the sets are defined is the range of speed between 50 miles/hr and 100 miles/hr, then the nonfuzzy set for the speed of the car greater than or equal to 70 miles/hr is given by Fig.  3a . The function p is called the membership function of the set and takes values either 0 or 1. In this case p is a step function with those speeds for which it is zero being 27s outside the set, and those for which it is one being inside the set.
however, to have a rule for every possible situation and so one further step is required so that the collection of ations which do not normally occur. This is an important feature of fuzzy controllers, since it enables, for example, an interpretation of the question 'given the control shown above, what is the change in pressure of an accelerator pedal if the speed is much greater than 100 miles/hr?'.
The membership value of each rule for a given controller input is calculated by fuzzy implication. Let us take the following example where the rule R i is expressed as R,: if e is E , then output is U i when there is more than one rule the maximum of the membership values of those rules is usually taken, which means ELSE in rules is interpreted as taking the maximum of the membership values.
Fuzzy logic controllers
Sequential fuzzy logic control
The simple fuzzy logic controller described here is designed to regulate the output of a process around a given set-point. The output at regular intervals is sampled and sent to the controller. The controller in Fig.  5 shows the configuration in relation to a single-input/ output process. In general there are two inputs and one output to the controller. One of the inputs is the process error, E, the other input, CE, is the change in error, obtained by subtracting the error at the last sampling instant from the present one. Movements toward the set point are positive changes in error, and movements away are negative changes in error. The control action, U , is the change in input to be applied to the process. In the fuzzy controller the universe of discourse is discrete, thus membership vectors rather than membership functions are considered. The variables are therefore E convert E a n d CE to calculate the into fuzzy inference -deterministic ~ forms value CE defined by fuzzy subsets in the following manner:
Error and its rate of change are first calculated and then converted into fuzzy variables after being scaled. Zadeh's rule of inference is used to infer the fuzzy output. The deterministic input is then calculated by defuzzifying the input using the mean of maxima method. The fuzzy sets are formed on a discrete support universe of 14 elements of error; 13 elements of error rate and 15 elements of the controller output. Appropriate membership functions are assigned to each element of the support set. The resulting sets representing the linguistic terms are listed in Table 1 .
The linguistic elements used are the same as those used in most applications and these items have the following meaning :
PB positive big PM positive medium PS positive small PO positive zero ZO zero NO negative zero NS negative small N M negative medium NB negative big
The terms NO and PO are introduced to obtain finer control about the equilibrium state, NO being defined as values slightly below zero and PO terms slightly above zero.
Parallel fuzzy logic control
The fuzzy control of a process is quite complex as indicated by Fig. 5 . Fuzzification, defuzzification and scanning of the control rules to find the appropriate one makes the system very slow. Parallel processing presents a possible solution. In order to experiment with a transputer-based system, an experimental process (muscle-relaxant drug model), the fuzzy control logic and the control rules were all coded in OCCAM and run on a single transputer. The results were encouraging, with a considerable gain in speed. Trials showed that since the control rules are linguistic and OCCAM is not particularly suitable for handling linguistic problems some alternative language should be used. 4.3 Self-organising fuzzy logic control There are many problem-solving systems that are based on matching simple rules to given problems. They are often called rule-based expert systems, and sometimes they are called situation-action systems or productionrule systems. LISP is a powerful language to implement rule-based systems with great potential to handle linguistic rules and commands. The available transputer LISP system was originally written in C and capable of running on a single transputer. In order to implement it as an interactive system which can advise the control algorithm on other transputers it has to be linked with OCCAM.
Inside the TDS (transputer development system) C is considered an alien language. The facilities provided for linking it with an OCCAM program result in slow communication to the knowledge base files required by the LISP program. The 3L parallel C compiler provides the necessary software needed to link C programs with OCCAM outside the TDS. The OCCAM program was compiled using a stand-alone compiler and then linked to the C compiled programs. A configuration file which explains the physical description of the links and processor descriptions connects the C and OCCAM programs and produces an object file which can be executed on a transputer network.
It is worth mentioning at this point that the major limitation of the fuzzy algorithm was the off-line calculation of the rule map. Any change in the control rules were to be observed by the operator first, and then followed by the change in the fuzzy linguistic algorithm and calculation of the rule map, which is subsequently applied to the process. The whole procedure is repeatedly 278 Fig. 6 . The SOFLC must be able to assess its performance in order to improve its control strategy. The basic functions of SOFLC can be summarised as follows:
(a) To issue appropriate control action whilst evaluating the performance.
(b) To modify the control action based on this evaluation.
The performance of the controller in relation to the process output is measured by the deviation of the control response from the desired response. The response of an output can be monitored by its error and change in error. The performance index takes the form of a decisionmaker which assigns a credit or reward based on the knowledge of error and change in error. This credit value is obtained by the fuzzy algorithm which linguistically defines the desired performance. The performance index matrix used for muscle relaxant control using pancuronium is shown in Table 2 .
If the input states are assumed to be fuzzy singletons, i.e., fuzzy sets with membership function equal to zero every where except at the measured value were it equals unity, the linguistic performance rules can be transformed into a lookup table (Table 3 ) using the standard techniques of fuzzy calculus.
Rule modification procedure
The rule modification procedure can be described as follows [3]:
(i) Let the input to the controller be e(kT) and ce(kT) and output of the controller be u(kT).
(ii) At some instant kT the process input reward is (iii) If the process input rT samples earlier contributed The controller is modified by replacing the rules that most contributed to the process input rT samples earlier with the rule pi(kT).
input scaling factors set GE, GC most to the present state.
Then the controller output caused by the measurements
I cutput scaling factor output GU e(kT -rT) and ce(kT-rT) should have been u(kT -rT) + pi(rT). If the controller is empty then an initial rule must be created. Further rules will be generated when required by the modification procedure. The initial rule will be formed by the fuzzification of the initial condition ei, ce' and p i , and controller outputs ui. This is done by forming a fuzzy kernel to provide a spread of values about the single support element, thus creating the following fuzzy sets:
where
where F , is the fuzzification procedure.
(12)
The single elements and the input and output of the controller are stored for use by the modification procedure. To reduce computation time, Daley suggested storage of each element of the rules in 3 x 5 sub-locations of the rule matrix containing (i) A single value giving the number of non-zero membership values in the set.
(ii) The desired support value of the set.
(iii) The membership value of the set.
Thus if the present instant is kT and the modification is made to the controller output r T samples earlier, the rule to be included results from the fuzzification of e(kT -rT), ce(kT -rT), u(kT -r T ) + pi(kT)
The output U is obtained from the rules by using a modification procedure as follows:
A control rule written as:
is a fuzzy relation
P(e? ce? = min {PE(e), PCE(Ce), Pdu)} (17)
A If the measured fuzzy sets at tome instant are and CE then an implied output set U can be obtained by the above rule using the process of fuzzy composition
which has a membership function given by ,&U)
= max, min { [max,, min {pR(e, ce, U),
P&(ce))l? PA41 (19)
For several control rules the output set U' is characterised by the membership function 
Simple fuzzy logic control
The fuzzy linguistic algorithm, for the muscle relaxant process of pancuronium, is written by studying the general behaviour of the process under different conditions, to provide fast convergence and high steady state accuracy (Table 4) . is 'PS'
The nonlinear muscle relaxant process model for pancuronium was used to test the fuzzy logic controller. Both the process and the controller were first implemented on a Perkin Elmer minicomputer. The theory of fuzzy logic calls for a large amount of matrices, where A is the number of rules given in the fuzzy linguistic algorithm (state action diagram C x D) ;
were as follows:
A sampling interval of 1 min. was used with a total experiment length of 200 min for each simulation. The initial fuzzy linguistic rules were written based on the required response of the process with a step input. In order to get acceptable results these rules were modified by close observation in the subsequent runs. The final rule matrix gave an acceptable response for a constant set point. The parallel version of fuzzy logic as described earlier, was implemented on an array of transputers (Fig. 7) . The LISP code containing the rules (knowledge) was loaded on the root transputer, and the process which was the muscle relaxant model, in this case, along with the fuzzy control algorithms was loaded on the slave transputers. Whenever a decision point is reached by any slave transputer it can gain advice from the LISP system by communicating over the channels. An example of the input loutput Fig. 7 Transputer arrangement for fuzzy control LISP-based fuzzy control applied to the muscle relaxant model is shown in Fig. 8 
Self-organising fuzzy logic control
The SOFLC algorithm was used next to control the muscle relaxant model for the drug pancuronium. The simulations were first performed on a SUN UNIX-based coding in FORTRAN, and then repeated on a transputer system with a parallel version of the SOFLC, to compare the timing details.
Results are presented for time delay of Tl = 1 min, and time constants of T, = 1 min and T3 = 10 min in the equation of the pancuronium anaesthetic model, eqn. 21.
The scaling factors were determined by trial and observation starting from initial scaling factors, selected by the procedure described by Procyk [19] . The simulation started with a completely empty controller and subsequently the entire control protocol was learned. Constant and varied set-points were used (Figs. 9 and 10) and convergence was indicated when the number of rule changes fell to zero. timing details in Table 5 compares the execution time for the same controlled process on different machines, showing that the parallel implementation of SOFLC is ten times faster than on a sequential machine. 
Robustness studies
Critics of fuzzy logic control have argued that it is inferior to conventional control in terms of speed of response, and has problems with robustness. But applica-tion studies presented earlier have shown that it is robust to process parameter changes. This is a desireable characteristic since, in most control applications, the accuracy of the plant model is not guaranteed, and plant operating characteristics may change randomly, making it essential to employ a robust controller.
In the simulations performed earlier SOFLC was able to control the pancuronium process but with a change in the scaling factors as the parameter of the controlled process changed. In order to put SOFLC to more stringent tests, two experiment were performed, the details of which are as follows:
16-1 4 -1 2 -Experiment I : Starting with an empty controller SOFLC was trained on the following parameters for eqn. 21 representing the pancuronium process :
The scaling factors used were GE = 10 G C = 10
The rules generated were stored and used as initial rules with the same scaling factors for a new combination of parameters in the controlled process, i.e.
The results of this experiment, for a step change in set point is shown in Fig. 12 . These results show better convergence than in the simulations performed earlier without a training session. . output
SOFLC robustness test for pancuronium drug
Experiment 2 : In the second experiment a different model for the anaesthetic drug atracurium was used. The SOFLC was first applied to the atracurium process, starting with no rules, so that the control rules were learned. The scaling factors used to control the process 282 were as follows:
The resulting response for a step change in set-point is shown in Fig. 13 . The next step is similar to experiment 1. The rules were learned starting from an empty controller for the time constants of T2 = 1 and T3 = 10 of the pancuronium process for a step input and these rules were applied as initial rules to control the atracurium process. The result is shown in Fig. 14 , which is an acceptable output considering the fact that the process has been significantly changed and the rules of a different model were used as starting rules. . output
SOFLC robustness test for atracurium drug, with rules from
To study the behaviour of SOFLC under noise conditions, white noise was added to the anaesthetic drug process. Figs. 15 and 16 for pancuronium and atracurium, respectively, illustrate the capability of SOFLC to handle noise without significant deterioration in the output response. The final rules obtained for the atracurium process are provided in Table 6 . It should be noted that the number of rules increased, with an increase in noise variance, for example changing from 6 to 13 when a variance of 10% was used. SOFLC can give acceptable control if the variance is less than 20% of the set point value. . output
6

Conclusions
The application of fuzzy logic to the control of industrial processes has had considerable exposure and success, as described briefly in the Introduction. In the area of biomedicine, however, it is only recently that it has been applied. This is surprising, since living systems are often hard to model mathematically, and exhibit extensive nonlinear behaviour for which fuzzy logic could appear to be a promising candidate for control purposes. Thus Linkens and Mahfouf [l2] described the application of a simple fuzzy logic controller to the case of automated drug infusion for muscle relaxant anaesthesia. Extensive simulation studies using a nonlinear model illustrated good transient response performance, but also highlighted two problems. These were the difficulty in eliciting a suitable set of rules, and the sensitivity of the system to the fuzzy logic scale factors. Since that time, other applications in biomedicine have been reported, mainly in the area of blood pressure management in intensive care units. Thus Ying et al. [29] , used a fuzzy logic 'inference shell' to produce a controller for arterial blood pressure, and Vishnoi and Gingnich [26] report an application for gaseous anaesthetic agent delivery. The problem of knowledge elicitation motivated the work of this present paper into self-organising fuzzy logic control (SOFLC) for the same application of muscle relaxant administration. It was found that SOFLC with a simply chosen performance index table could give good control with the nominal model for pancuronium commencing with a zero-rule base set. This represents a particularly challenging set of conditions, and the resulting fast transient response was impressive. A further experiment was performed in which a rule-base found for pancuronium was applied as the initial conditions for another drug, atracurium, which has a different dynamic model structure and a different range of time constants. Good performance was also obtained under these conditions. Tests were carried out to determine the effect of noise contamination on the performance of SOFLC, and the results were good, up to 20% added noise variance. Another trial involved changing the parameters of the model in the course of a run, to investigate the adaptive ability of the algorithm, with successful results. These experiments indicate the robustness of SOFLC under a wide range of conditions. The speed of response of SOFLC in closed-loop transient performance is not much faster than for open-loop step response. Unlike conventional control on wellquantified physical processes where faster closed-loop response can often be achieved, this is not surprising in SOFLC for biomedicine. The imprecise knowledge of the process model, and the large patient-to-patient variability make open-loop control very difficult. Early work on muscle-relaxation control had shown large fluctuations in paralysis level when using manually administered bolus injections of drugs [l] . Similar remarks obtained for manual adjustment of infusion pump settings during clinical attempts to elucidate fuzzy logic rules commensurate with a human operator (i.e., anaesthetist) performance [ 141.
SOFLC is a comparatively computing intensive algorithm, and this paper has described initial attempts to employ parallel computing by using transputers. A simple fuzzy logic controller was coded in OCCAM and performed satisfactorily with the nonlinear drug model. Recognising the desirability of using an AI style language for a fuzzy rule-based system, the system was mapped into a LISP environment. Unfortunately, the LISP available at the time was an interpreter coded in C, and did not provide a fast enough system, although the principle has been verified. Thus, the full SOFLC algorithm has been coded in OCCAM, and provides a fast execution time even for a single transputer.
With the impending availability of languages such as PROLOG for multitransputer systems [7] , future implementations of SOFLC could be targeted using either AI languages or parallel C which is currently available. Further work is planned for multivariable control of anaesthesia, whereby interactive effects between different drug administrations for unconsciousness as we!l as muscle relaxation will be considered. Fuzzy logic shows promise for such applications, having been validated in industrial systems such as cement kiln control where models are almost impossible to ascertain. Similar remarks apply to multivariable control of blood pressure, which has been studied using numerical algorithms of self-tuning control [lS]. This will enable a comparative study to be made between self-organising methods based on techniques such as SOFLC, and those based on quantitative approaches (such as pole-placement self-tuning). These comparisons should prove useful in advocating styles of control for processes with imprecisely-known models, such as those common in both industrial situations and the life sciences.
Initial results from this comparative study, which uses generalised predictive control (GPC) for the self-adaptive method [13] , indicate relative advantages for each approach. Given an adequately structured model for the process, the GPC technique provides tighter control with faster initial transient responses. However, this depends on a reasonably accurate initial estimate of the model. It must also have a robust system identification protocol which can accommodate both random fluctuations and rapid instantaneous disturbances. In contrast, SOFLC gives slower initial transient response, although this is significantly improved if a reasonable set of starting rules are used, rather than an empty set. Small amplitude oscillations around steady state levels are also a common feature in SOFLC. A major consideration in SOFLC is the choice of scaling parameters, and this tends to be process-specific. General guidelines are available which enable the factors to be set approximately, prior to possible tuning if necessary.
The results of the above comparative study into relative merits and demerits of self-adapive and selforganising methods will be published in a future paper. These results are being obtained using a nonlinear multivariable anaesthesia model elicited through clinical trials. Clinical trials involving GPC and SOFLC are commencing, but will initially be limited to the single variable case of muscle relaxation alone. 
